This paper investigates the e¤ect of linguistic diversity on redistribution in a broad cross-section of countries. We use the notion of "linguistic distances" and show that the commonly used fractionalization index, which ignores linguistic distances, yields insigni…cant results. However, once distances between languages are accounted for, linguistic diversity has both a statistically and economically signi…cant e¤ect on redistribution. With an average level of redistribution of 9.5 percent of GDP in our data set, an increase by one standard deviation in the degree of diversity lowers redistribution by approximately one percentage point. We also demonstrate that other measures, such as polarization and peripheral heterogeneity, provide similar results when linguistic distances are incorporated.
Introduction
The literature has long argued that cultural diversity reduces government transfers 1 and that altruistic attitudes are more prevalent within homogenous groups than across ethnically or culturally diverse groups. 2 If, as posited by Becker (1957) , individuals have stronger feelings of empathy towards their own group, it is not surprising that the U.S., where there is a strong racial component to the income distribution and the poor tend to be viewed as "other", exhibits lower levels of redistribution than Western European countries, where the poor are often seen as "unlucky" (Alesina, Glaeser and Sacerdote, 2001 ).
One must note, however, that broader cross-country studies have typically failed to pick up a statistically signi…cant relation between cultural diversity and transfers (Alesina et al., 2003) .
Most empirical economic studies of diversity use the so-called ELF or fractionalization index, which measures the probability of two randomly selected individuals in society belonging to di¤erent ethnolinguistic groups. As with Shannon's diversity index (Shannon, 1949) , it fails to take into account the degree of distinctiveness between di¤er-ent groups. Compare, for instance, Andorra, where roughly half of the population speaks Catalan and the other half speaks Spanish (two similar Romance languages), and Belgium, where about 60% of the population speaks Dutch and the other 40% speaks French (a Germanic and a Romance language). Although one would probably think of Belgium being linguistically more diverse than Andorra, according to the fractionalization index Andorra is the more diverse one of the two.
The main contribution of this paper is the incorporation of distances between di¤erent groups when measuring diversity. By accounting for distances, we adopt the Lee and Roemer (2004) , and Lind (2007) for theoretical analysis of the relation between diversity and redistribution. For a more general survey on diversity and di¤erent measures of economic performance, see Alesina and La Ferrara (2005) . their dislike of other groups depends on how di¤erent the groups are. An appropriate analysis of ethnolinguistic diversity should therefore, as suggested by Caselli and Coleman (2006) and Alesina and La Ferrara (2005) , take into account the dissimilarity between groups. 3 After incorporating distances, we revisit the link between linguistic diversity and redistribution in a wide cross-section of countries. Naturally, with nearly 7,000 known living languages and about 200 countries, 4 multilingual societies are a common feature across the globe. The underlying motivation for our work is that sorting out linguistic issues can be quite challenging -"language does not lend itself easily to compromise" (Laponce, 1992 ) -and may lead to various degrees of redistributional tension among groups of citizens. Of course, we do not imply that languages are the only aspect of group dissimilarity. Instead, our measure of linguistic diversity should be viewed as a proxy for the broader notion of ethnolinguistic or cultural diversity. 5 In addition to being an important societal characteristic, an attractive feature of linguistic heterogeneity is that quantifying the degree of dissimilarity between languages is relatively easy.
The relevance of including distances when measuring diversity is ultimately an empirical question. To verify whether this feature improves upon the existing results, we compare the distance-based index with the one that does not includes distances. Failing to take into account distances makes diversity statistically insigni…cant. 6 However, once distances are taken into account, diversity becomes statistically signi…cant at the 1% or 5% level in virtually all speci…cations. This e¤ect is found to be highly robust, and quantitatively important. Compared to an average level of redistribution of 9.5 percent of GDP, the model predicts that an increase in diversity by one standard deviation lowers redistribution as a share of GDP by about one percentage point. In other words, an increase by one standard deviation lowers redistribution by about 10 percent.
To carry out our analysis, we propose a general index of social e¤ ective antagonism constructed along the lines of the identi…cation-alienation framework of Esteban and Ray (1994) . In particular, we consider …ve special cases: a diversity index without distances (ELF) (Atlas Narodov Mira, 1964); a diversity index with distances (Greenberg, 1956 ); a polarization index without distances (Reynal-Querol, 2002); a polarization index with distances (Esteban and Ray, 1994) ; and a peripheral heterogeneity index (Desmet, Ortuño-Ortín and Weber, 2005). The uni…ed framework allows us to easily compare the aforementioned indices.
The wide variety of indices used in the literature partially stems from the fact that some economic and social outcomes can be explained by societal diversity (Alesina et al., 2003) , while others are better captured by polarization Ray, 1994, 1999) .
To illustrate the di¤erence between diversity and polarization, compare two countries, A and B. If A consists of two equally sized groups, and B of three equally sized groups, then A is more polarized, but less diverse, than B. When distances between groups are taken into account, the di¤erence between polarization and diversity becomes more subtle. In that case, increasing the number of equally sized groups need no longer imply increasing the level of diversity, since distances between groups also play a role. Again, the question of which index does a better job at explaining redistribution is an empirical one. The results con…rm that the crucial di¤erence is whether distances are taken into account or not. The di¤erence between diversity, peripheral heterogeneity and polarization turns out to be empirically irrelevant. As long as distances are incorporated, all three indices perform extremely well. 7 This is not surprising, as the correlation between them is high.
The rest of the paper is organized as follows. Section 2 presents a general index 7 Note, however, that this conclusion di¤ers from that of Reynal-Querol (2002, 2005) in their study of civil con ‡icts. This point is discussed in more detail below. of social e¤ective antagonism, and shows that several well known indices of diversity and polarization are special cases. Section 3 deals with data and measurement issues. Section 4 computes and discusses the …ve di¤erent diversity and polarization indices for 225 countries. Section 5 shows the strong link between diversity and redistribution, once distances between languages are taken into account. Section 6 considers polarization and peripheral heterogeneity. Section 7 concludes.
Indices of diversity and polarization
In this section we present a general index of social e¤ ective antagonism that contains as special cases several indices of diversity and polarization widely used in the literature. To do so, we follow, with some minor di¤erences, the identi…cation-alienation framework of Esteban and Ray (1994) .
Consider a country with a population of N individuals, partitioned into K distinct groups, indexed by j = 1; :::; K. The population of group j is denoted by N j . We impose no conditions on the geographical distribution of the groups. Thus, individuals from a group can either live in the same region, or be dispersed across di¤erent regions. Each individual belongs to one and only one group, so that
We denote the population share of group j by
where P K j=1 s j = 1. The population shares, rather than their absolute sizes, is what will matter for our analysis.
A crucial element is the introduction of distances between groups. There is a matrix T that assigns a distance jk between groups j and k. This distance is a standardized metric, i.e., all values jk lie between 0 and 1; jj = 0 for all j; jk = kj for all j and k; and ij ik + kj for all i; j and k. Our empirical investigation deals with linguistic distances, where groups are formed by individuals who speak the same language, and jk is the linguistic distance between the language spoken by group j and group k. Even though our model deals with a general concept of distance we adopt the linguistic terminology hereafter.
In order to de…ne the notion of social e¤ ective antagonism, we follow Esteban and Ray (1994) and …rst introduce the concepts of alienation and identi…cation. An individual of group j feels identi…ed with other individuals in the same group, e.g., those who speak the same language. The degree of identi…cation depends on the size of the group, s j , and is given by the value s j . In Esteban and Ray (1994) is a positive number, implying that the sense of identi…cation is stronger in a larger group. Instead, we also allow for = 0, which captures the possibility of identi…cation being independent of the size of the group.
The alienation felt by an individual of group j towards an individual of group k is increasing in the distance jk . The sense of identi…cation towards the own group may a¤ect an individual's alienation towards another group. This interaction between alienation and identi…cation yields antagonism. As de…ned in Esteban and Ray (1994) , the antagonism between an individual of group j and an individual of group k is given by s j jk . Since there is a fraction s k of individuals who speak language k, the e¤ ective antagonism of an individual of group j towards group k is s k s j jk . 8 Given that a share s j of the population speaks language j, the total e¤ective antagonism of group j towards group k is s k s 1+ j jk .
Similar to Esteban and Ray (1994) , we can now de…ne the country's level of social e¤ ective antagonism as the sum of the e¤ective antagonisms between all pairs of groups:
Depending on the values of and the distance matrix , the index in (1), henceforth referred to as A-index, can be shown to generate as special cases di¤erent indices of diversity and polarization.
It is useful to distinguish between three di¤erent distance matrices used in our analysis. The …rst, denoted by T , allows for a continuous measure of distance jk on the interval (0; 1] between any two groups j and k, where j 6 = k. The second matrix, denoted by T d , is of a dichotomous nature, where jk = 1 for all j 6 = k. Here the distance between any two distinct groups is 1, so that the alienation experienced by an individual speaking language j towards an individual speaking any other language does not depend on the distance between the two languages. The third matrix, denoted by T c , assumes there is a center group c, such that jk = 0 if j 6 = c and k 6 = c. This implies that only the distances between the central group and the other (peripheral) groups matter.
We now consider …ve special cases of the general A-index, each one of which has been described in the literature. 9 Some are indices of diversity and others are indices of polarization.
1. ELF -(Atlas Narodov Mira, 1964). = 0 and the distance matrix is T d . The
A-index (1) can be written as
This is the well known ethnolinguistic fractionalization (ELF) index (see, e.g., Atlas
Narodov Mira, 1964, Easterly and Levine, 1997, and Alesina, Baqir and Easterly, 1999), known elsewhere as the Gini-Simpson index. The ELF index measures the probability of two randomly chosen individuals being from di¤erent groups and does not take into account the distances between the di¤erent groups. It satis…es the fundamental requirements of diversity (Shannon, 1949 ):
(i) for a given number of groups, the index reaches its maximum when all groups are of the same size;
(ii) and if all groups are of equal size, then the society with a larger number of groups possesses a higher index of diversity.
9 See Esteban and Ray (2006) for a similar discussion in the cases of polarization and ELF.
2. GI - (Greenberg, 1956 ).
= 0 and the distance matrix is T . The A-index (1)
This index was proposed by Greenberg (1956) and was examined (as quadratic entropy) in Rao (1982) . 10 GI computes the population weighted total distances between all groups 11 and can be interpreted as the expected distance between two randomly selected individuals. 12 GI is essentially a generalization of ELF, whereby distances between di¤erent groups are taken into account. Naturally, GI does not satisfy the requirements of a diversity index mentioned above and the maximal diversity need not be attained when all groups are of the same size. In fact, one can …nd distance matrices for which the maximum value of the index is obtained when at least one group i has population share s i = 0, even though the distance from that group to any other group is strictly positive, i.e., ij > 0 for all j 6 = i. 13 This explains why some authors refer to GI as a "weak diversity" index (Ricotta, 2005 ). 
which is the polarization index proposed by Reynal-Querol (2002). 14 Similarly to ELF, RQ does not take into account distances between groups. It attains its maximum when there are two groups of equal size.
ER -(Esteban and Ray, 1994
). = 1, and the distance matrix is T . The A-index
In fact, this is a special case of the polarization index in Esteban and Ray (1994) , who allow for to be in the range of [1; 1:6]. 15 As with GI, this index controls for distances between groups. If distances between all groups are the same, it is perfectly correlated with RQ.
5. PH (peripheral heterogeneity in Desmet, Ortuño-Ortín and Weber, 2005). = 0
and the distance matrix is T c . The A-index is
where the central group c is the largest. PH is a special case of the diversity index The ELF index, which has been widely used to study the e¤ects of diversity on di¤erent economic outcomes, is based on a dichotomous 0-1 distance measure. As soon as two linguistic groups are di¤erent, they are assigned a distance of 1. However, in practice de…ning when a group is distinct from another can be di¢ cult. 16 Even though GI has been examined by several authors, it
has not been used to study the e¤ects of within country diversity on di¤erent economic variables. 17 Of course, whether GI improves upon ELF in its capacity to explain redistribution is eventually an empirical question. From a theoretical point of view, it is not entirely obvious whether using a continuous measure of distance should improve the results. One might argue, as we do in this paper, that the degree of con ‡ict depends not only on the number and the sizes of the di¤erent groups, but also on how di¤erent they are. However, it is also possible that the basis for the alienation experienced by individuals of one ethnic group towards individuals of another ethnic group is simply the fact that they belong to di¤erent groups, regardless of their cultural distances. This is the view of Montalvo and
Reynal-Querol (2005), who claim that the dynamics of the 'we'versus 'you'distinction is more powerful than the antagonism generated by the distance between them. However, this does not free them altogether from assigning distances. Indeed, Montalvo and Reynal-
Querol (2005) focus on what they call "relevant" groups. By selecting which groups are "relevant", they implicitly employ a dichotomous 0-1 distance measure between all groups.
Some authors have argued that ethnic con ‡ict is better measured by the degree of polarization than by the degree of diversity Ray, 1994, 1999 ). As mentioned above, for a given number of groups, in absence of distance considerations, diversity is maximized when all groups are of equal size. In contrast, polarization is maximized when two of the groups consist each of half of the population and all other groups have zero population. If there are only two groups, then polarization and diversity yield identical rankings. Moreover, in practice, there is a signi…cant overlap between both notions, and ranking countries based on either polarization or diversity produces similar results. We will consider two di¤erent indices of polarization, with ER using a continuous measure of distance, and RQ a dichotomous measure of distance. Therefore, the link between ER and RQ is the same as between GI and ELF.
In addition to comparing ELF and GI, and ER and RQ, we also analyze the empirical relevance of the PH index, which does not treat group heterogeneity in a symmetric manner. This index focuses on the tension that emanates from the heterogeneity between a central dominant group and the peripheral minority groups. Apart from being theoretically a di¤erent concept, this index has the advantage of requiring a smaller set of distance data.
Although from a theoretical point of view all these indices are di¤erent, in practice some of them may yield similar conclusions. In fact, as we will see, the correlation between all these indices is relatively high, and the only factor which is important in the empirical analysis is whether we use continuous (GI, PH and ER) or dichotomous (ELF and RQ) measures of distances. The distinction between GI, PH and ER does not seem to be empirically relevant to the problem at hand.
Data and measurement issues
Our data cover a wide cross-section of countries. The information on how many people speak a given language in a given country comes from the Ethnologue project. What This problem does not show up in the less detailed Britannica, which already implicitly aggregates the speakers of Venetian and Italian into a single group. 18 The introduction of linguistic distances largely resolves the group identi…cation problem. It is no longer necessary to make ad hoc choices about whether Venetian and Italian belong to the same group. By using the detailed Ethnologue, we maintain Venetian and Italian as two distinct groups, but assign a small, but non-zero, distance between the two, based on linguists' assessment of how di¤erent these languages are, as we further explain below. In general, once we have detailed information about distances between languages, then more disaggregated data become preferable. In contrast to much of the literature, we therefore make no choices about when a group is a group. 19 Instead, we use the entire Ethnologue database -even if this implies 291 languages in Mexicobut correct for distances.
There are di¤erent ways of measuring distances between languages. A …rst measure is based on linguistic tree diagrams. Using this approach, Fearon (2003) de…nes the distance between languages j and k to be:
where`is the number of shared branches between j and k, m is the maximum number of branches between any two languages, and is a parameter that determines how fast the distance declines as the number of shared branches increases. Data on language trees come from the Ethnologue project. 20 A second measure is based on lexicostatistical studies. A prime example is Dyen et al. (1992) . 21 They focus on 200 basic meanings, and compute for each pair of 95 Indo-European languages the proportion of cognates. 22 The distance between any two languages j and k can then be de…ned as one minus the proportion of cognates between j and k. In the empirical analysis the distance measure based on tree diagrams is more useful, because it covers all languages, and not only those from the Indo-European group.
When extracting quantitative distance measures from language trees, one relevant question is: how much more distant should we consider two languages to be if they pertain to completely di¤erent families relative to if they belong to the same family? This largely amounts to deciding the value of in the distance measure (7 Although lower values of seem more reasonable, a priori it is not obvious which value to take. We experiment with di¤erent possibilities, and …nd that values between 0.04 to 0.10 perform well, and give similar results, in terms of the statistical signi…cance of the diversity measure. 23 We therefore settle on a value of 0.05. Outside this range, it remains true that indices with distances outperform those without distances, but their predictive power is weaker.
Our view is that since has a useful economic interpretation, it makes sense to use a value that performs well. For example, the fact that a of 0.05 has high predictive power tells us that, in their e¤ect on diversity, Italian and Chinese are perceived to be 6.7 times more distant from each other than Italian and Greek. This result is informative, and very di¤erent from the Fearon of 1/2, which would have led us to the interpretation that Italian and Chinese are perceived to be only 0.30 times more distant than Italian and Greek.
As for the dependent variable in our regressions, redistribution is measured by 
Linguistic distances
In this section we discuss the di¤erent linguistic diversity indices we use in our empirical analysis. The Ethnologue database provides detailed information on the languages spoken in 225 countries. It also provides linguistic trees for each of the 6,912 listed languages.
We use these tree diagrams to compute linguistic distances, following the Fearon (2003) formula in (7) . Based on this information, Table 1 reports the …ve di¤erent indices discussed in Section 2: (i) GI, (ii) ELF, (iii) ER, (iv) RQ, and (v) PH. Although the data on transfers and subsidies will limit the number of countries in our regressions to 105, we present the di¤erent indices for all 225 available countries.
Our main focus is on comparing ELF and GI. As argued before, ELF has been widely used in the literature, partly because of its straightforward interpretation. GI generalizes ELF by controlling for distances between groups. Although the rank correlation between ELF and GI is substantial, 0.69, the last column of Table 1 shows a number of interesting patterns, when comparing both rankings. Our last index, PH, is closely related to GI: its rank correlation is 0.93. Given this high correlation, one may conclude that peripheral heterogeneity does not add anything new. However, it also suggests that in the absence of data to compute GI, then PH might be a good proxy. Remember that GI requires data on distances between any two languages spoken in any country, whereas PH only requires data on distances to the dominant language in each country. This is relevant if one wants to use data on linguistic distances based on lexicostatistical studies, such as the Dyen et al. (1992) database on Indo-European languages. 24 5 Diversity and redistribution Table 2 reports the coe¢ cients of our regressions of redistribution on GI. To make our results comparable to previous work, we have included similar control variables as in La As expected, the level of a country's development increases the degree of redistribution.
In contrast to La Porta et al. (1999) , the e¤ect of diversity on redistribution is robust to the inclusion of GDP per capita. Column (6) adds population, instead of GDP per capita. This is in line with Alesina and Wacziarg (1998), who empirically con…rmed that transfers as a share of GDP are unrelated to population size, since this type of government expenditure does not have the nature of a public good. Column (7) leaves out regional dummies, and adds the share of population above 65. Column (8) provides the full speci…cation with all regressors. As can be seen, the population above 65 is highly signi…cant.
Based on Table 2 , we can see that in all speci…cations the e¤ect of diversity is robust, both in terms of magnitude and statistical signi…cance. In half of the speci…cations GI is signi…cant at the 1% level, and in the other half it is signi…cant at the 5% level.
The magnitude of its coe¢ cient hovers between -3.8 and -6.6. Taking column (5) as our preferred speci…cation, the model predicts that an increase in diversity by one standard deviation lowers redistribution as a share of GDP by 0.97 percentage points. This e¤ect should be compared to an average level of redistribution of 9.5% of GDP. In other words, an increase by one standard deviation in diversity lowers redistribution by about 10%. An As for the control variables, neither the legal origin nor the religious composition tends to have a signi…cant impact on redistribution. There are two exceptions to this.
Socialist legal origin increases redistribution, although its e¤ect only shows up if we control for GDP per capita. In those regressions, the e¤ect of having a socialist legal origin increases redistribution by 8 to 9 percentage points. The share of Muslims tends to lower redistribution, although its e¤ect vanishes when we control for the share of the population above 65. This suggests that Muslim countries tend to have a young population. The small island dummy 25 is highly signi…cant and its coe¢ cient is robust to all speci…cations. Being a small island is predicted to reduce redistribution by about 6 percentage points of GDP. This variable was included, because our preliminary data analysis suggested small islands were outliers.
Whether including linguistic distances is relevant for our understanding of redistribution ought to be an empirical question. Table 3 runs the same regressions as Table   2 , but uses the standard ELF index, which does not allow for di¤erent distances between languages. We will focus on our variable of interest -linguistic diversity -as the coe¢ -cients on the control variables are similar to what we found in Table 1 . The most obvious result is that ELF loses statistical signi…cance. In six out of the eight speci…cation the index ceases to be signi…cant at the 10% level. Not surprisingly, all speci…cations also give lower R 2 s, although the di¤erences are small.
Although the speci…cations we used in Table 2 that in all 255 speci…cations, the t-values are larger for GI than for ELF. Moreover, in 79% of the regressions, GI is signi…cant at least at the 10% level, whereas this …gure drops to 32% in the case of ELF. This leads us to conclude that including distances into our diversity index substantially improves our results. The understanding of diversity is therefore enhanced by incorporating linguistic distances in our index.
Another possible concern is that we have computed the ELF index using the detailed Ethnologue database. In doing so, we did not aggregate, say, Italian and Venetian speakers into one group. This may bias our results against the ELF index. As mentioned before, previous studies, such as Alesina et al. (2003) , have used less detailed databases, so that de facto Venetian and Italian did not show up as distinct groups. To see whether this is an issue, we re-ran our eight basic regressions using the linguistic fractionalization index of Alesina et al. (2003) . In six out of the eight speci…cations, linguistic fractionalization does not pass the 10% signi…cance threshold. This is similar to our …ndings when using the ELF index based on the Ethnologue.
Robustness: polarization and peripheral heterogeneity
In this section we discuss polarization and peripheral heterogeneity. Once again, the focus is on the importance of including distances. As before, indices with distances perform clearly better. However, amongst those indices that include distances, all of them -GI, ER, and PH -perform roughly speaking equally well. Table 4 and Table 5 report the same regressions as before, but now uses polarization, instead of diversity, as the explanatory variable. In Table 4 polarization is measured by ER, which contains linguistic distances, while in Table 5 it is measured by the RQ index, which does not account for di¤erent linguistic distances between groups.
The results are similar to the case of GI and ELF. ER is signi…cant at the 1% level in three out of the eight speci…cations, and at the 5% level in the remaining …ve regressions.
When not accounting for distances, only two out of the eight speci…cations are signi…cant at the 5%, with the remaining six regressions not passing the 10% threshold. Taking, as before, column (5) as our preferred speci…cation, the model predicts that an increase in ER by one standard deviation lowers redistribution as a share of GDP by 1.41 percentage points. This e¤ect is somewhat larger than the 0.97 percentage points in the case of GI.
When comparing ER and GI, it is unclear which one prevails. Both indices are similar in their level of statistical signi…cance: three speci…cations at the 1% level and the remaining …ve speci…cations at the 5% level. This suggests that the concepts of polarization and diversity have a signi…cant overlap, and are thus hard to distinguish. This is not surprising, given the correlation of 0.76 between the two indices in the sample of 105 countries included in our regressions. In contrast to Montalvo and Reynal-Querol (2005) , who demonstrate the relevance of polarization in the context of ethnic con ‡ict, we show that diversity and polarization are similar in their impact on redistribution. 26 What does matter, instead, is taking into account distances between groups. Table 6 analyzes the e¤ect of PH on redistribution. Once again, this index, which accounts for distances, performs well. Peripheral heterogeneity is signi…cant at the 1% level in four out of the eight speci…cations, and at the 5% in the remaining four speci…cations. Although not reported here, if one were to leave out distances, …ve out of the eight regressions would not pass the 10% signi…cance level. The economic signi…cance is similar as in the case of GI: an increase in PH by one standard deviation reduces redistribution by 1.09 percentage points. In terms of t-statistics, peripheral heterogeneity does better than GI in six out of the eight speci…cations. When running all 255 regressions, the statistical signi…cance of peripheral heterogeneity is greater in 74% of the cases.
This suggests that PH is a reasonable alternative to GI. If our main focus were to be Europe and the Americas, there might be some advantage to using PH, rather than GI, as it would allow us to use alternative distance measures. In all of those countries, with the exception of Paraguay, the dominant language is Indo-European. Being the most widely studied language family, there exist detailed lexicostatistical studies, such as the one by Dyen et al. (1992) , that o¤er alternative measures of distances. In an earlier version of this paper, Desmet, Ortuño-Ortín and Weber (2005) used the distances in Dyen et al. for a sample of 55 countries in Europe and the Americas, and found, once again, that incorporating distances is crucial for diversity to be statistically signi…cant.
In addition, a decrease in diversity by one standard deviation was predicted to lower redistribution by around 11%, similar to the …gure of 10% found in the current paper for a larger sample of countries and a di¤erent measure of distance.
Concluding remarks
This paper has studied the e¤ect of ethnolinguistic diversity on redistribution in a crosssection of countries. The main focus has been on the explicit introduction of linguistic distances into the measure of diversity. Our empirical investigation shows that when we control for distances, the e¤ect of diversity on redistribution becomes highly signi…cant, both statistically and economically. At the same time, ignoring distances typically leads to insigni…cant e¤ects. Although the focus of this paper has been on diversity, we have also studied alternative measures of social tension, such as polarization and peripheral heterogeneity, and again, the crucial element that determines the signi…cance of the results is whether linguistic distances are taken into account or not. The type of analysis conducted in this paper could be applied to study the e¤ect of ethnolinguistic diversity (or polarization) on other economic variables, such as economic growth, the quality of government, civil con ‡icts, or the degree of decentralization. This is left for future research. 
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